The DeciddT DecisionTool

M. DANIELSON
Orebmo University, Sweden

L. EKENBERG
StokholmUniversity and Mid SwederuUniversity, Sweden

J. JOHANSSON
Mid SwederUniversity, Sweden

A. LARSSON
Mid SwederUniversity, Sweden

Abstract

The natureof muchinformationavailableto decisionmalersis vagueand
imprecisepeit informationfor humanmanager#n organisation®r for pro-
cessagentsn adistributedcomputerervironment.Severalmodelsfor han-
dling vagueandimpreciseinformationin decisionsituationshave beensug-
gested.In particular variousinterval methodshave prevailed, i.e. methods
basedon intenval estimate®f probabilitiesand,in somecasesintenal util-
ity estimatesEvenif theseapproaches generalrewell foundedittle has
beendoneto take into consideratiotheevaluationperspectie and,in partic-
ular, computationabspectandimplementatiorissues.The purposeof this
paperis to demonstratatool for handlingimprecisenformationin decision
situations.The tool is an implementationof our earlier researctfocussing
on nding fastalgorithmsfor solvingbilinearsystemsf equationgogether
with agraphicaluserinterfacesupportingheinterpretatiorof evaluationsof
imprecisedata.
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1 Intr oduction

Theideaof usingcomputergo supportdecisionmakinghasbeenaroundalmost
aslong as computershave beenavailable for humansin usableform. The past
decadedave witnesseda tremendougievelopmentin the graphicaluserinter-
face, which facilitatesthe use of more advancedcomputationalttechniquesto
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a wider group of users.As a consequencesereral decisionanalytic tools have
emeged during the last decade Decision software basedon classicaldecision
theory suchas Standard& Poor's DPL (www.dpl.adainc.com)Palisades'Pre-
cisionTree(www.palisade.comland TreeAges DATA (www.treeage.comhave
successfullypeencommercialise&ndareusedby variousprofessionallecision
analystsanddecisionmalkersto aid themin their work.

However, most classicaldecisionmodelsand software basedon them con-
sistof somestraightforvardsetof rulesappliedto precisenumericalestimateof
probabilitiesandvalues.Matrix, tree,andin uence diagrammodelshave prolif-
erated but sincethey mostly handleprecisenumeric gures, sensitvity analysis
is oftennoteasyto carryoutin morethanafew dimensionsatatime. Therequire-
mentto provide numericallypreciseinformationin suchmodelshasoften been
consideredunrealisticin real-life decisionsituations,and a numberof models
with representationallowing imprecisestatementhave beensuggestedSomeof
themusestandardorobability theorywhile otherscontainsomespecialisedor-
malism.Most of themfocusmore on representatiomand probabilisticinference,
andlesson evaluation[15], [21], [22], [23], [24].

The purposeof this paperis to presenta new decisiontool currently being
developed,called DeciddT. It allows the decisionmaker to be as deliberately
impreciseas he feelsis naturaland provideshim with the meansof expressing
varyingdegreesof imprecisionin theinput sentencedacilitatingboth the useof
decisiontreesandin uence diagramsasdecisionmodels.The applicationtakes
adwantageof a setof algorithmsde ned asthe DELTA method[4], [5], [8], [9],
combinedwith auserfriendly interfacewhich providesanintuitive graphicakep-
resentatiorof evaluationresults.

Pre-releaseersionsof DeciddT have beenusedin a numberof variousar
easand situations,suchas contractformulations[1], investmentdecisions[7],
and insurancepoliciesand ood managemenfl0]. DeciddT is currentlyin a
beta-stagef the developmentphaseand will be distributed by Doctor Decide
(www.doctordecide.compcademidicenseswill beavailablefor asymbolicfee.

2 The DELTA Method

Themainconcermof the DELTA methodis evaluationof decisionproblemswith
probabilityandutility internvalsto expressnumericallyimprecisaenformation.The
methodoriginatesrom researcton handlingdecisionproblemsnvolving a nite
numberof alternatvesandconsequencd46].

Interval sentencesre of the form: “The probability of cij lies betweenthe
numbersa, andby” andaretranslatednto pij 2 [ax; bx]. Comparatie sentences
are of the form: “The probability of ¢;j is greaterthan the probability of cy”.
Sucha sentences translatedinto an inequality pjj;  pw. The conjunctionof
constraintsof the typesabove togetherwith & ; pij = 1 for eachalternatve A;
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involvedis calledthe probability base(P). Thevaluebase(V) consistof similar
translation®f vagueandnumericallyimprecisevalueestimates.

A collection of interval constraintsconcerningthe sameset of variablesis
calleda constiaint set For sucha setof constraintdo be meaningful theremust
exist somevector of variableassignmentshat simultaneouslysatis es eachin-
equality i.e.,thesystemmustbeconsistentThe orthogonalhull is aconcepthat
in eachdimensionsignalswhich partsareincompatiblewith the constraintset,
thusit consistf consistentalueassignmentfor eachvariable.

function f, X max(f(X)) = et sup(ajf f(x) > ag[ X is consistent).
Similarly, X min(f(x)) = ger inf(ajf f(x) < ag[ X is consistent).

of pairsth*min(x;);X max(x)ig is the orthogonalhull of the setandis denoted
R<min(x);* max(x)in.

Theorthogonahull greatlysimpli es thecomputationaéffort andcanbepictured
astheresultof wrappingthesmallesbrthogonahypercubearoundtheconstraint
set. For the probability baseP, sucha wrappingof a consistentsystemyields
feasibleinterval probabilitiesjn thesensehatnoneof thelowerandupperbounds
of the probabilityassignmentareinconsisten{24].

2.1 Strengthof Alter natives

An informationframecontainghe probabilityandvaluebasesin aninformation

denotegheexpressiorE(Ci) E(Cj),i.e.,axPik Vik akPjk Vjk overall con-
sequences the consequencsetsC; andC;.

To analysethe strengthof the alternatves,™max(dij) is calculated This means
thatwe choosethe feasiblesolutionsto the constraintan P andV thataremost
favourableto E(C;) anddemeanindo E(C;). This meanghatif thereareno de-
pendenciesbetweerthealternatves,™max(di;) = VmaxE(Ci)) Pmin(E(C)))
and™min(dij) = min(E(Ci)) Pmax(E(C;j)). Theconcepbf strengthexpresses
themaximumdifferencedetweerthealternatvesunderconsiderationlt is how-
ever usedin a comparatre way so thatformally the maximumandminimumis
calculatedIn thisway, we geta measuraboutthe proportionsof theinformation
frame, wherethe respectie alternatves are dominant.When applying the hull

1cf. [4] for detailswhentherearevariousdependenciebetweerthealternatves.
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cutoperation(seesection2.2), we alsoreceve a measuref the stability of these
differences.

This is, however, not enough.Sometimesthe decisionmaker wantsto put
moreemphasi®nthemaximaldifferencgdisplayingadifference-pronbehaiour).
At othertimes,the minimal differenceis of moreimportanceThisis capturedn
themediumdifference.

areal number The a-mediumdifferenceof d;j in the frameis PV[a]mid(dij) =
a Pmax(di))+ (1 a) "min(d;j).

The a canbe consideredh precedenc@arametethatindicatesif oneboundary
shouldbe given more weight than the other It is, consequentlya measureof
differencen strengthbetweerthe consequencsets.Thisview duality is akey to
understandinghe selectionprocessThisis furtherdiscussedh [6].

For thepairwiseevaluationof ouralternatves,[4] suggestshetwo algorithms
BOpt and'BOpt. The rst algorithm(probability bilinear optimisatior) canhan-
dleary statemenéxceptcomparisondetweervaluevariablefrom differentC;'s,
andis describedasfollows.

fci1; it Cin 0 ThenVEimaX iS pi1 @1+ i+ Pin @n, Whereajp, 1 n h,is
sudbif b= ving[ fayn 1= Vim 19l :::[ fai = vizgis consistentvith V).
FurtherVEimin iS pit a1+ i+ pin, an, whereain;1  n o hy, is inf(bjf b
vind[ fajn 1= Vijn 19l :::[ far= viagis consistentith V).

The ideabehindthis is to transforma bilinear expressioninto a linear expres-
sionwith the propertyof having the sameextremalvalue underspeci ¢ condi-
tions. Underconditionssatis ed by a majority of informationframes,maxd;; =
max/ dij andmindj = minY dij. Whencomparisondetweervaluevariablesrom
differentG;'s areimportant,the BOpt algorithm shouldbe considerednstead.
BOpt is atwin algorithmto BOpt, working essentiallyin the sameway, but for
otherpreconditiong4].

2.2 Cutting the Orthogonal Hull

A problemwith evaluatinginterval statementss thattheresultscouldbe overlap-
ping,i.e.,analternatve might not be dominating for all instance®f thefeasible
valuesin theprobabilityandvaluebasesA suggestedolutionto thisis to further
investigatan which regionsof the baseghe respectre alternatvesaredominat-
ing. For this purposethe hull cut is introducedin the framewvork. The hull cut

2Alternatie i dominatesalternatve j iff Pmin(dij) > 0.
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canbe seenasgeneralisedensitvity analysego be carriedout to determinethe
stability of the relation betweenthe consequencsetsunderconsiderationThe
hull cut avoidsthe complexity in combinatorialanalysesbut it is still possibleto
studythe stability of a resultby gaininga betterunderstandingf how important
theinterval boundarypointsare.

If dominanceis evaluatedon a sequencef ever-smallersub-basesa good
appreciationof the strengths dependeng on boundaryvaluescan be obtained.
This is takeninto accountby cutting off the dominatedregionsindirectly using
thehull cutoperationThisis denotectuttingthebasesandtheamountof cutting
is indicatedasa percentage, which canrangefrom 0 % to 100%. For a100%
cut, the basesaretransformednto singlepoints,andthe evaluationbecomeghe
calculationof the ordinaryexpectedvalue.

[a+p (k a&)b p (b k) :i= 1;:::;ng to the baseX. k is calledthe
contractionpoint

If no consistentontractionpointis given explicitly by the decisionmaler, De-
cidelT suggest®neby minimisingthe distanceo the orthogonahull midpoints.
The choiceof the calculatedcontractionpoint is motivatedby beingthe centroid
in the (non-eplicit) second-ordebelief distributionsover the intervals[12]. In-
tuitively, the hull cutsin DeciddT are basedon valuescloserto the centreof
theinterval beingmorereliable,i.e., thereis an underlyingassumptiorthat the
second-ordedistributionshave a massconcentratedo the centre.Sincethe be-
lief in peripheralvaluesis somavhatless,theinterpretatiorof the cutis to zoom
in on more believable valuesthat are more centrally located.The centroidof a
distribution is exactly this point wherethis geometricabropertyof the distribu-
tion canberegardedasconcentrated-urthermoreit hasveryattractive properties
from computationahswell asintuitive view-points[12].

By co-varyingthe cuttingof anarbitrarysetof intervals, it is possibleto gain
muchbetterinsightinto the in uence of the structureof the informationframe
on the solutions.Contraryto volumeestimateshull cutsarenot measuresf the
sizesof the solutionsetsbut ratherof the strengthof statementsvhenthe origi-
nal solutionsetsaremodi ed in controlledways.Both the setof intervalsunder
investigatiorandthe scaleof individual hull cutscanbe controlled.

2.3 Risk Constraints and Security Levels

It is reasonabléo extendtheframavork basedntheprincipleof maximisingthe
expectedutility with otherdecisionrules.A numberof ruleshave beensuggested,
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see,e.g.,[14], [18] and[20], but theseare mostly applicableto decisionsunder
strict uncertainty

A moregeneralapproachs to introducerisk constraintghat provide thresh-
olds beyond which a stratgy is undesirableHowever, whenthe informationis
numericallyimprecisethemeaningof suchthresholdss notobvious.In [11] it is
suggestethattheinterval limits togethemith stability analyseshouldbeconsid-
eredin suchcaseslIn DeciddT, suchthresholdsarereferredto assecuritylevels
andthe exclusionof undesirableonsequencsetstakesthe following form,

SCir9=(a pj 9

Vij I

wherer denoteghe lowestacceptableralueands the highestacceptablgroba-
bility of endingupwith alowervaluethanr. Thismeanghatthe sumof theprob-
abilities, wherethe consequencesolate the securitylevel r, mustnot exceeds.
Whendealingwith interval statement# is not obviouswhatr ands represents,
but one approachis to studythe worst and bestcaseby usinglower and upper
bounds.The contractionpoints canbe usedto studythe normalcase.The con-
ceptof securitylevelsis of generalusewhenimplementingrisk constraintsas
suggestedh [8].

3 TheTool

The decisiontools currently available on the market (e.g.,DPL, PrecisionTee,
DATA etc.)have setausefuldefactostandardor how usersmayinteractwith the
software,and constructmodelsof their decisionproblems.Therefore DeciddT
hasaboutthe samdook-and-feelsthesetools.
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Figurel: Screenshodf DeciddT holdinganin uence diagramthathasbeenconverted
to adecisiontree.

Currently threetypesof nodesmay be usedin the application:decisionnodes,
chancenodesandconsequenceodesWork is carriedout ondeterministicmodes
for in uence diagrams.

3.1 DecisionTrees

A decisiontreeis graphicallyillustrated on the screen,shaving explicitly the
probabilitiesand valuesfor all nodes.Interactionwith the modelis performed
throughthe GUI. Editing probabilities,values,and other propertiesof a certain
nodeis performedthrougha nodepropertyframe.

Hode Property Frame: EG | %]

CreateiChange node | Explanation  Probabiliy | vaiue | statements |

Options. Dutsr Canst Cuter Hull  Hull  Hull
Mode © ol or PT Intery. Inter. Lower hiddle Upper
+o Min M
PEE ¢ C & [P(Positive) >| cos oies ozs
11 € v ¢ o125 Io.aa 0425 0265 033
gz @ s lnss o7 04z 085 07

Figure2: Enteringimpreciseprobabilities,usinga probabilitytemplatefor the outcome
leadingto Eg. For the outcomeCs 2, we explicitly setthe contractionpointto 0.55.
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3.2 Inuence Diagrams

In uence diagramsare,whenevaluated transformednto a correspondingym-
metric decisiontree usinga corversionalgorithmthat createsa total orderingof
all connectedhodesn thediagram barrenmnodeddiscardedThis corversionalgo-
rithm traversesalongthe directedarcs,andordersthe nodesaccordingto a setof
rules.In somecaseswhenonly thetopologyof the graphis not enoughto order
the nodes,a nodeplacedto the left is corvertedbeforea nodeto theright. It is
alsopossibleto cornvertanin uence diagraminto aninstanceof a decisiontree,
andcontinuethe modellingwork onthistree.

Editing the propertiesof a nodein anin uence diagramis analogougo the
sameprocedurdor a decisiontree. Thereis, however, somedifferencedetween
the node propertyframesof the two models.In an in uence diagram,the user
getsanoverview of the conditionalexpansionorderwhenediting propertiesof a
conditionallydependenthancenode.

Figure3: Enteringconditionalprobabilitiesfor a conditionallydependenthancenode
in anin uence diagram.

Reversalof arcsis possiblebetweentwo chancenodesin anin uence diagram,
who sharesa commoninformationstateandhave no otherdirectedpathbetween
them.Thus,accordingo Shachterthetwo chancenodeamustinheriteachother's
conditionalpredecessotseforereversalof anarcbetweerthem[19]. Bayes'the-
oremis invoked,andto determinghelowerboundwe maximisethe denominator
andminimisethe numeratorandvice versafor the upperbound.This meanghat
asof todayreversalof arcsin DeciddT simply employ the intuitive conceptof
conditionalprobability, andare- ip of thearcwill notrestorethe valuesfor in-
tenal probabilitiesasthey do in the precisecase.Onesolutionis to implement
the Fertig and Breesealgorithm[13], but sincewe do not wish to lose the up-
perboundsthis solutionseemdessinteresting Theredoesnot exist onesuperior
algorithmfor this problemtaking both lower and upperboundsin account[2],
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[31.

Becausef this dravback,developmenibf Decidd T will focusonemploying
the canonical conceptof conditional probabilities[24], but this is a matter of
furtherresearchregardingthe computationabspectsThe userof DeciddT may
howeverchoosenotto let thesoftwareautomaticallysuggestrny new conditional
probabilitieswhen ipping anarc.

3.3 Probability and Value Statements

In achancenodein atreeor in uence diagramiit is possibleto setcomparatie
statementdetweerthe probabilitiesof differentoutcomesThesestatementsire
thenaddedo theconstrainsets Valuestatementaresetin ananalogousashion.

Figure4: Settinga comparatie probability statementthat the probability of the out-
comeleadingto Cs is atleast0.05higherthanthe probability of endingup with Cs.

Notethatby usingthisfeaturejt is possibleto handlequalitative probabilitiesand
utilities in acommonframework togethemwith theinterval approachSuchstate-
mentslet bothdecisiontreesandin uence diagramshandlebothquantitatve and
gualitative information,asa steptowardsevaluationof more qualitatve models
de nedin [17].

3.4 Presentationof Evaluation Results

Resultsare presentedas a graph.Along the x-axis we have the cut in per cent
rangingfrom 0% to 100%, and alongthe y-axis the possibledifferencesof the
expectedvaluesbetweera pair of alternatves.lt is alsopossibleto compareone
alternatve againstanaverageof a setof alternatves.In Figure5, theupperline is
max(di3), the middleis PV[0:5]mid(d13), andthe lower is min(dy3). The shrink-
ing areadepictsthe expectedvalueunderdifferentdegreesof cutting. As canbe
seenthehighercutlevel thatis usedthe moreequalthe alternatvesseemto be,
accordingto the principle of maximisingthe expectedutility. For a 100% cut,
wherethe resultsfrom the algorithmscoincidewith the ordinaryexpectedvalue,
theresultimpliesthatAg is the betteralternatve. However, takingimpreciseness
in accountjt maynotbethatsimple.
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Figure 5: Pairwise comparisonof two alternatves, using the DELTA method.After
about75% cut, we seethat ™ [0:5]mid(d13) < O.

3.5 Security Levels

In Figure6, weinvestigateatwhich cutlevel agivensecuritylevel will holdin the
worstcasé. An all-green(light grey) alternatve canthenfrom this perspectie
be consideredscompletelysafe.

Figure6: A securityanalysiswith asecuritylevel of -100asthelowestacceptabl@alue
and0.02asthehighestacceptabl@robability

Az doesnot violate the securitylevels for ary cut level andseemgo bethe de-
sired courseof actionfor arisk avoidantdecisionmaler. This is representedby
green(brighter)in the gure above. After a 70% cut level, A, doesnot violate
thegivensecuritylevel. If the decisionmaleris eagerfor choosingA; or Ag, the
securityanalysismply thatA; is morerisky thanAg, leaving thedecisionmaker
to seriouslyconsiderchoosingAs over A;.

3|t is possibleto investigatebestandnormalcasesaswell.
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3.6 PreferenceOrdering Among Consequences

In complex decisionsituationswith large setsof consequencest, might betime-
consumingto identify the preferenceorderingof consequencesnd DeciddT
offers a graphicaloverview of sucha relationon a setof consequencedhe or-
deringis easilydeterminedoy checkingwhethervi; vy > 0 is consistenwith
thevaluebaself not, vij is beforevy in the partialordering.Thereafterobvious
transitive relationshipsareremoved.

Figure7: PreferencerderamongconsequencesshereC; is themostpreferredconse-
quence.

3.7 Ciritical Values

Even thoughthe conceptof hull cut is a generalform of sensitvity analysis,a
modelmay befurtherinvestigatedhroughidentifying the mostcritical elements
of a decisionproblem.By varying eachevent's probability and utility values
within their intervals, it is possibleto identify the elementswith highestimpact
ontheexpectedvalue.Thisfeatureletsa decisionmakeridentify whereto put his
efforts in the information gatheringproceduren orderto make more safedeci-

sions.
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Figure8: Identifying thecritical element®f adecisionproblemillustratedasatornado
diagram.

For probability variation, the event Eg hasthe highestimpacton the expected
value. By varying the probabilitiesfor this uncertainevent, the expectedvalue
may differ 397.9valueunits. For valuevariation,the imprecisenesm the value
of consequenc€s affectsthe expectedvaluethe most.

4 Concluding Remarks

Basedon our earlierresearcton fastalgorithmsfor solvingbilinearproblemswe
have presented tool integratingvariousproceduregor handlingvagueandnu-
mericallyimpreciseprobabilitiesandutilities. Thetool hasbeentestedn several
real-life applicationsandprovidesmeandor evaluatingdecisionsituationsusing
alternative evaluationprinciplesbesidethe corventionalpointwisemaximisation
of the expectedutility. The latter hasturnedout to be too limited in mary situ-
ations.Thus,we alsosuggesthat the alternatvesshouldbe furtherinvestigated
with respecto their relative strengthsandalsoto the numberof valuesconsistent
with the given domain.Furthermorethe alternatvescanalsobe evaluatedrela-
tive to a setof securityparametergonsideringhow risky they are.To re ne the
evaluationswe have alsoshavn how hull cutprocedureganbeintroducedn the
model.Thesendicatetheeffectsof choosingdifferentdegreesof reliability of the
input data.In this way, it is possibleto investigatecritical variablesandthe sta-
bility of theevaluationsTheresultof suchananalysisoftenpointoutreasonable
stratgies, but alsowhat aspectsare crucial to considerfor a reliableandstable
result.
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